Cave drip water response to surface meteorological conditions is complex due to the heterogeneity of water 10 movement in the karst unsaturated zone. Previous studies have focused on the monitoring of fractured rock 11 limestones that have little or no primary porosity. In this study, we aim to further understand infiltration water 12 hydrology in the Tamala Limestone of SW Australia, which is Quaternary aeolianite with primary porosity. We 13 build on our previous studies of the Golgotha Cave system and utilize the existing spatial survey of 29 14 automated cave drip loggers and a LiDAR-based flow classification scheme, conducted in the two main 15 chambers of this cave. We find that a daily sampling frequency at our cave site optimizes the capture of drip 16 variability with least possible sampling artifacts. Most of the drip sites show persistent autocorrelation for at 17 least a month. Drip discharge histograms are highly variable, showing sometimes multimodal distributions. 18 Histogram skewness is shown to relate to the wetter than average 2013 hydrological year and modality is 19 affected by seasonality. Finally, a combination of Multi-dimensional scaling (MDS) and clustering by k-means 20 is used to classify similar drip types based on time series analysis. This clustering reveals four unique drip 21 regimes which agree with the flow type classification of Mahmud et al. (2016) for this site. It highlights a spatial 22 homogeneity in drip types in one cave chamber, and spatial heterogeneity in the other, which is in concordance 23 with our understanding of cave chamber morphology and lithology. Our hydrological classification scheme with 24 respect to mean discharge and the flow variation, can distinguish between groundwater flow types in limestones 25 with primary porosity, and the technique could be used to characterize different karst formations when high-26 frequency automated drip logger data are available. We observe little difference in the Coefficient of variation 27 (COV) between flow classification types, probably reflecting the dominance of primary porosity at this cave 28 site, and the seasonal variations in discharge related to storage replenishment in winter followed by recession in 29 the periods of soil moisture deficit. Moreover, we do not find any relationship between drip variability and 30 discharge within similar flow type.
59
Here we present monitoring data from Golgotha Cave located in SW Western Australia that has been 60 extensively monitored since 2005, with the aim of better understanding karst drip water hydrogeology and the 61 relationship between drip hydrology and surface climate. We build on the work of Mahmud et al. (2016) , which 62 presented the largest spatial and temporal survey of automated cave drip monitoring with matrix (primary) 63 porosity published to date. This previous study consisted of data from two large chambers within this cave, 64 measured in the period from 2012 to 2014, using a highly spatially (29 sites in two separate chambers) and al. 1997, Smart and Friederich 1987) to examine the limitations of these previous schemes. These findings will 73 also help better characterize and understand water movement in highly porous karst formations.
74
Finally we use a combination of multi-dimensional scaling (MDS) and the popular K-Means algorithm for 75 clustering similar drip characteristics. Time series clustering has been shown to be effective in providing useful 76 information in various domains (Liao 2005) and is implemented here to determine the degree of similarity 77 between two drip time series. There seems to be an increased interest in time series clustering as part of the 78 research effort in temporal data mining. The method we use here is suitable for large datasets, has been studied 79 extensively in the past and achieves good results with minimum computational cost (Borg and Groenen 1997, relatively dry year with a total rainfall of 943.8 mm. Recorded rainfall was significantly above average in the 127 2013 hydrological year for various weather stations in Western Australia (BoM 2015). Therefore, our site had a 128 wetter winter in 2013 ( Fig. 2b) with an estimated annual recharge of 858.67 mm which is very much above 129 average (ten year mean annual recharge is 564 mm).
130
We use the Australian Water Availability Project (AWAP) precipitation (P) and modelled evapotranspiration with high discharges (Figure 2f ).
196
Of the Chamber 2 drips, the slow drip sites have the lowest COVs and lowest discharges (Figure 2d Table 1 and Table 2 . Average drip discharges are 231 calculated from the 15-minute drip rates that appear in Tables 1 and 2 Table 1 and Table 2 . 
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We plot drip rate histograms for representative drip sites in Figure 4 
256
We plot autocorrelation functions (ACF) for major drip sites in Figure 5 for different flow categories using the 257 optimum sampling frequency of 1-day (see next section). All sites have an autocorrelation that persists for at 258 least a month, and often much longer. However, there is no relationship between the strength of correlation or . The variability of the drip discharge might not only be a function of discharge itself, but might also 268 depend on the sampling frequency. We investigate this possibility in Figure 6 that shows COV versus sampling 269 interval, calculated by resampling the data. Figure 6 shows that for high discharge, COV increases with 270 sampling frequency, which we explain by the smaller sampling interval better capturing the actual drip 271 variability. For low discharges, COV also increases with sampling frequency, which we explain by the 272 variability introduced due to drip rates being less than the sampling frequency. From the data presented in 
290
We examine the hydrological behavior of the drips at daily resolution with respect to mean discharge and the 
314
One consistent feature that appears from the cluster analysis of Figure 8 is the spatial homogeneity of the 315 clusters in Chamber 1, suggesting that they are spatially connected and supporting the overall dominant matrix 
